Tuberculosis (TB) is one of the most complex diseases from the perspective of mathematical epidemiology. Individuals recently infected with the bacillus Mycobacterium tuberculosis can either develop TB directly in a matter of several weeks, or enter into an asymptomatic latent TB infection state (LTBI) that only occasionally derives into active disease, sometimes even decades after the infection event. The possible interruptions that a vaccine might provoke on these two mechanisms are undistinguishable in phase II clinical trials. In this work, we present a new methodology that allows to differentiate vaccines that slow down the progression to disease from vaccines that prevent it. By introducing a stochastic framework for simulating synthetic clinical trials based on transmission models, we show how the method proposed here contributes both to reduce uncertainty in vaccine characterization and impact forecasts as well as to assist the design of clinical trials, improving their probabilities of success.
I. INTRODUCTION
Despite the significant decline registered in TB burden during the last 20 years all over the world, Tuberculosis (TB) still remains one of the greatest menaces for public health world-wide. According to the Global TB Report of the World Health Organization (WHO) [1], 10.4 million people are estimated to have developed the disease during 2016 and 1.7 million people were killed by it. Furthermore, the prospects are not optimistic when we take into account the dramatic effects of HIV-co-infection [2, 3] , with more than one million cases in 2016 [1] , and the emergence of multidrug-resistent TB (MDR-TB) strains [4, 5] , with almost 0.5 million cases in 2017 [1] . All these facts point to the indisputable need of new control methods and epidemiological interventions, and among them, the development of a new vaccine.
The role of the one-century old BCG vaccine at disrupting the TB transmission chain has been argued for decades [6] [7] [8] [9] [10] . As it turns out, BCG is unable to provide consistent efficacy levels when evaluated across different epidemic settings spanning different latitudes, individuals' ages and levels of previous exposure to environmental Mycobacteria [10] [11] [12] . Consequently, among the different epidemiological interventions under current consideration, an improved vaccine holds the promise of a greatest impact in reducing TB cases and casualties; an observation that fuels the work of an active research community currently engaged in the development of disparate candidates for a new TB vaccine, 13 of which are nowadays being tested in clinical trials [13] [14] [15] . Since the resources available for this collective endeavor are limited, the development of rational approaches for filtering vaccine candidates represents a first order priority for Public Health Organizations and funding agencies. Accordingly, a well-defined stage-and-gate system has been defined and implemented, to which the different candidates must adhere in order to advance through the subsequent phases of the vaccine development pipeline. By providing a transparent framework for the evaluation and comparison of candidates at all stages, the system allows prioritizing the investment on the vaccines showing better performances regarding safety, immunogenicity and protection at each step, with the ultimate objective of maximizing the likelihood of success for the final finding of a new, safe and impactful TB vaccine.
Gathering the information needed to guarantee the eventual success of a vaccine poses a number of conceptual challenges that manifest at different stages of the clinical pipeline, making the evaluation and comparison of the different candidates under consideration an arduous task. The lack of protection correlates for TB [16, 17] hinders early efficacy evaluations, affecting our ability to identify the very presence of any protective effects from a given vaccine at the early stages of its development. That major limitation factually forces researches to rely new vaccines efficacy estimates to large randomized phase II and II-b clinical trials, which require the recruitment of thousands of individuals in high prevalence epidemiological settings during years to be completed. In this regard, the recent results from the nearly designed phase IIb trial of the novel vaccine MVA85A [18] , even though it fails at providing evidence of significant protection, represents a solid framework for such studies.
However, even once the task of measuring the vaccine's efficacy at reducing risk of disease (V E dis ) is achieved upon completion of a phase II clinical trial, the interpretations of these results are not always immediate and can be due to different mechanisms of action of the vaccine. On the one hand, a vaccine can contribute to reduce disease risk by decreasing the fraction of fast progressors, increasing the probability that newly infected individuals are able to contain immediate bacterial proliferation developing latent TB infection (LTBI). Alternatively, the vaccine can delay the onset of active TB, slowing down the dynamics of fast progression instead of preventing it. These two possible mechanisms have different dynamical interpretations in terms of epidemiological transmission models, and might appear, in principle, independently and not necessarily correlated. The question of whether an individual will progress to active disease rapidly after infection or not depends on their ability of coordinating an initial strong innate immune response to the pathogen along with a later T-cell mediated adaptive response both of which are needed, if not to prevent infection by completely eliminating the bacteria, at least to arrest bacterial growth and confine the pathogen within granuloma [19] . If such complex response fails, fast transition to disease will take place, as a consequence of the host's inability to both eliminate or confine bacteria around closed granuloma, yielding to rapid pathogen proliferation. Factors affecting the probability of individuals to join fast or slow paths to disease upon infection are both environmental and genetic, but little is known about how they impact, if they do it at all, the delay observed between infection and onset of symptoms in recent transmission TB cases (i.e. fast progressors) [19] .
The main focus of this work is the analysis of this apparently innocent mechanistic degeneracy problem, in virtue of which, it is hard to distinguish, in the context of a clinical trial designed to estimate vaccine efficacy against disease, a vaccine that prevents from fast-progression from a vaccine that simply delays it. After a formal description of the question, we use Monte-Carlo methods to simulate synthetic clinical trials [20] , along with a compartmental transmission model to produce impact forecasts [21] of vaccines that, yet compatible with single trial-derived lectures of V E dis , have different effects on fast-progression dynamics. Upon such exercise, we find that vaccines reducing the probability of fast progression are expected to offer, for the same observed levels of V E dis , significantly larger long-term impacts than vaccines that delay it. This situation translates into an excruciating level of uncertainty in what regards model-based impact evaluation of vaccines protecting against disease, unless a method for telling apart which of the two mechanisms constitutes a more plausible model under the light of the trial data is provided. Finally, we develop such a method for analysing raw results of clinical trials, which allows to isolate and measure what are the mechanisms of action of the vaccine that prevent or delay fast-progression to disease. This translates into more accurate impact forecasts and more faithful characterizations and comparisons of different types of vaccines, in a fraction of cases that depends on trials' specifications (cohort sizes and follow-up periods duration).
II. RESULTS
A. Vaccine protection mechanisms against disease: reducing fast-progression probability vs. reducing fast transition rates to active TB
The essential goal of this work is to provide a means to interpret the results of a generic phase II clinical trial of vaccine efficacy in terms of compartmental models used downstream to evaluate vaccines' impact and cost-effectiveness. In the more elementary version of these models (figure 1A) [5, [22] [23] [24] [25] [26] [27] , susceptible individuals get infected at a rate β defined by the interplay of their intrinsic susceptibility to infection and the frequency of contacts with infectious individuals that they experiment. Upon infection, they can develop fast-progression to disease (F) with a probability p, or slow-progression (latent infection L) with the remaining probability 1 − p. Finally, while fast progressors develop disease (D) at a rate r associated to typical transition times lower than one year, latent individuals can remain so for decades, only eventually falling sick, at a rate r L << r. When we are talking about vaccinated individuals, parameters β, p and r get reduced to (1 − ε β )β, (1 − ε p )p and (1 − ε r )r, respectively.
From this general picture, a series of assumptions are necessary to interpret the dynamics observed in a trial in terms of such minimal transmission model. A typical randomized, placebo controlled clinical trial of vaccine efficacy consists of two cohorts of initially susceptible individuals, (i.e. QuantiFERON-TB (QFT) negative [18] ). At the beginning of the study, the vaccine is supplied to one of these cohorts, while a placebo is given to the other. Then, individuals will be periodically tested for infection (QFT) or disease (standard TB diagnosis criteria), during a given follow-up period short enough (i.e. less than 10 years) for us to assume that all the transitions to active disease observed were due to fast progressors in the first place. Finally, analyzing transition times to infection and disease end-points, two independent vaccine efficacy parameters can be measured: efficacy against infection V E inf and against disease V E dis , ( figure 1, panels B,C) . Under the light of this elementary transmission model, such efficacy observations can arise from the three putatively independent mechanisms: reduction of susceptibility to infection (via ε β > 0, see figure 1A) , reduction of the fraction of fast-progressors (ε p > 0) and reduction of the rate of fast progression to disease (ε r > 0).
All that said, the nature of the question under analysis turns evident: how to estimate three independent mechanisms of action of the vaccine from two measurements of vaccine efficacy? Regarding vaccine protection against infection, that question is easy to answer, for the only way for a vaccine to protect immunized individuals against infection is to reduce their probability of getting infected upon a contact with an infectious individual, which simply implies that V E inf = ε β . Instead, vaccine's protection against disease offers a more complex outlook, for different vaccines, showing different combinations of effects on fast progression probabilities and transition rates to disease (ε p vs ε r ) are compatible with a single lecture of V E dis ( figure  1D ). This implies that, from a trial-derived lecture of V E dis it is not possible to say whether the vaccine decreases individuals' risk to develop disease by reducing the probability for them to become fast progressors upon infection or, alternatively, by slowing down the rate at which they develop TB.
Once the problem is identified, a direct way to quantify its relevance is to interrogate whether vaccines acting through different combinations of (ε p , ε r ) that are still compatible with a common value of V E dis might produce different impacts when applied on large populations. To answer this question, we capitalized on a recently developed epidemiological model specifically designed to simulate different immunization campaigns of vaccines of different characteristics in different geographical settings (see Supplementary Appendix and [21] ). Using such a model, we simulated the introduction of vaccines in Ethiopia, and obtained vaccines' impact estimations in terms of TB cases prevented from 2025 to 2050, upon a newborns-focused vaccination campaign implemented at the beginning of that period (figure 1E, vaccines compatible with V E dis = 50% in a 4 year-trial). For this particular case, we found a difference of 256 thousand cases prevented (104-466 95% CI) between the first vaccine (ε p = 0.00, ε r = 0.74) and the last one (ε p = 0.50, ε r = 0.00), even though both vaccines provide an efficacy of V E dis = 50% in a 4 year-trial. This suppose a relative difference of 51% (45-59 95% CI)-, evidence the critical relevance of this degeneracy, which would compromise the reliability of any comparison between any disease-preventing vaccine candidates solely based on their observed efficacy levels V E dis .
These results have a straightforward interpretation: slowing down transition rates to disease of fast progressors will always be less effective, in the long term, than removing them from the fast-transition branch. A complementary way to illustrate this is to evaluate the time evolution of the efficacy V E dis that would be observed, for a single vaccine, in trials of different duration depending on its mechanisms of action ( figure  1F ), which can be derived analytically (see supplementary appendix, section S1). In this sense, a vaccine that reduces the intrinsic risk of developing fast progression (ε p > 0) provides a reduction in the risk of disease that is almost independent of the observation time. Instead, for a vaccine that only slows down the rate at which fast-progressors develop active disease, the observed efficacy is a rapidly decreasing function of time: the longer the trial, the less efficient the vaccine would appear to be. This situation, which is intrinsically bound to the lower impacts forecasted from ε r -based vaccines, translates into a violation of the hypothesis of constant proportional risks underlying standard survival analysis (Cox regression) typically used to estimate V E dis for those vaccines, a question whose implications are discussed in detail in the supplementary appendix, section S2.
B. Breaking the degeneracy: a method for estimating εr and εp Even though violation of the proportional-hazard hypothesis in trials' data constitutes a first signature suggesting delay in progression rates rather than fast progression prevention, its potential to tell apart quantitatively the possible mechanisms of action of a vaccine (see figure S1 ) is limited. Thus, we propose a different approach to provide an independent estimation of ε r and ε p . Our method consists of adding, to the custom estimation of V E inf and V E dis , a third statistical analysis aimed at directly estimating ε r from the transition times between infection and disease (figure 2, panel A). To do so, unlike classical survival analysis, we only make use of data associated to not-censored times: that is, individuals that have completed their transition to disease within the follow-up period of the trial. By doing so, we can approximate that all these cases correspond exclusively to fast progressors (for r L << r), and obtain an analytical expression for the expected distribution of transition times observed between infection and disease t = t dis − t inf (i.e., times between individuals first produce QFT positive results and they fall sick), conditioned to the moment the infection took place. This distribution t = Ψ(r cohort , t inf ) has as its only parameter the transition rate of the cohort under analysis: either r, for the controls, or r(1 − ε r ) for the vaccine group; parameters that we learn from the empirical data, across their respective uncertainties, using a maximum-likelihood approach (see Methods). By comparing the estimated transition rates from both cohorts, we get an estimation of ε r , and, from the analytical relationship V E dis = f (ε r , ε p ), we use the parallel estimation of V E dis to easily resolve ε p , as detailed in the appendix (section S1). As a result, we solve the degeneracy issue, obtaining a full description of the vaccine through the individual estimations of the three effects (ε β , ε r , ε p ).
To test the performance of our approach, we used Monte Carlo methods to simulate synthetic clinical trials of different lengths and sizes, for vaccines acting through different mechanisms and showing disparate levels of protection ( Figure 2 , panel B). For a given cohort size N and follow-up period T , we use as inputs the a priori known three vaccine descriptors (ε β , ε r , ε p ) to simulate, using a stochastic implementation of the elementary transmission model represented in figure 1A , the development of a possible realization of the trial. Thus, we generate a set of vectors of transition times to infection and active TB that summarizes it. Since the model is probabilistic by construction, we iterate to obtain a set of simulated trials describing a distribution of most-likely outcomes associated to such a trial set-up as a function of the a-priori known vaccine behavior.
Then, for each clinical trial realization, we use our method to infer the vaccine descriptors (ε β , ε r , ε p ). In figure 2 , panel C we represent three examples of how the transition times associated to a single realization of a synthetic trial can be used to infer the transmission rates at the control cohort (upper panel) or at the vaccine cohort used, which are compared to infer ε r . Here, two types of vaccines are considered: an example of a vaccine that prevents fast progression (center, where the inferred transition rates are not significantly different from the controls), and another example where the vaccine reduces transmission times to disease within the fast progression branch (lower panel). Then, once ε r is estimated from the analysis of the transition times, we infer the other two parameters as described above to retrieve estimates for the three vaccine descriptors (ε β , ε r , ε p ). As it can be seen in Figure 2D , this closely reproduce the initial values used to simulate the trials. Results correspond to a set of 500 realizations for an example vaccine with ε β = 0, ε p = 0.4, ε r = 0.4.
A final question to address concerns the range of applicability of our method. Since the key step of the proposed approach relies on the calibration of the distribution of infection-to-disease progression times, the size and duration of it must be big enough to ensure sufficient statistics. In that sense, we define biologically meaningful intervals for the vaccine parameters ε r and ε p , and reject all the trial simulations that, due to insufficient statistics, derive into inferred parameters values that go beyond those intervals (see Methods section). In figure 2E we represent the fraction of stochastic realizations that yield valid inferences of vaccine descriptors, for the same five vaccines represented in figure 1E . For a trial with a cohort size of 3000 individuals and follow-up period of 4 years, only a vaccine acting exclusively through ε r yields a probability of observing a trial incompatible with our method that surpasses 10%.
C. Method's evaluation: uncertainty reduction in impact evaluations
In the previous section, we described how we simulated stochastic realizations of clinical trials of different vaccines, and inferred, from each realization, the vaccine descriptors (ε β , ε r , ε p ), in a way that is blind to the "real" values used to generate the synthetic trials. Next, we are interested in quantifying the extent to which impact forecasts might benefit from having access to the specific values (ε β , ε r , ε p ). To this end, we feed our epidemic model [21] with these parameters, simulating the introduction of the vaccines in Ethiopia in 2025, and estimate impact forecasts in number of TB cases prevented within the period 2025-2050 ( Figure 3A ).
To evaluate the advantages of our approach in this context, we compare the impact forecasts generated using the procedure described above to the most extreme impacts that can be obtained if, after measuring V E inf and V E dis from the synthetic trials, the efficacy against disease is mapped to all sort of possible combinations of values (ε r , ε p ) that are compatible with it, a procedure that could be assimilated to the uncertainty provided by state of the art efficacy evaluation. As it can be seen in figure 3A , the degeneration between possible mechanisms underlying protection against disease translates into exacerbated levels of uncertainty that almost systematically prevent the rejection of the null hypothesis of null vaccine impact; an observation that is valid for a wide range of values of V E dis .
On the contrary, analyzing simulated trials' data using our method substantially contributes to reduce the associated uncertainty of impact forecasts, in a factor ranging from 23% to 63% in the examples showed. The foreseen impacts showed in Figure 3A have two sources of uncertainties involved, those that come from the evaluation of vaccine parameters and those coming from the spreading model itself, except when we evaluate the real underlying vaccine for which we only have the latter. As shown in Figure 3A , in the case of vaccines that reduce fast-progression, the inferred parameters of the vaccine introduce a significant increase in the Confidence Interval of the forecasts. This situation is avoided in the case of vaccines that prevent fast-progression from taking place, whose confidence intervals are comparable with the uncertainty that is exclusive from the model.
Finally, we are interested in estimating the probability of registering a successful trial (i.e. a trial associated to a significant estimate in terms of vaccine descriptors and forecasted impact), as a function of both trial size and true, underlying vaccine features. To achieve this, we simulated clinical trials of different sizes and durations for the two extreme vaccines among those represented in figure 1E (both of which share the same reference level of protection V E dis (T = 4) = 50%), which act either by reducing proportion of fast progressors (ε r = 0, ε p = 0.50) or by slowing them down in their path to disease (ε r = 0.74, ε p = 0). In figure 3B , we show, Vaccine 100-0 ε p =0.50, ε r =0 e r e p e b Figure 2 : A. Scheme of the Method for characterizing vaccine's efficacies. From the distribution of times of disease and infection at both cohorts we obtain εr, and then εp from the proportion of individuals that have suffered TB during the trial. B. Schematic representation of the process of this work. From a given vaccine (ε β , εr, εp) and trial design (N, T ) we simulate 500 equivalent trials that we characterize using our method. From the inferred parameters we obtain a global estimation of the parameters and their CIs that we will use to evaluate their impact and their respective uncertainty. C. Transition times of control cohort (top) and vaccinated cohorts of an εp-based vaccine (center) and an εr-based vaccine (bottom). Transition times from infection to disease are considered to follow an exponential distribution truncated by the finite follow-up period of the trial (black line), whose expectation values (blue for vaccinated cohorts, grey for controls) and residual variances depend on time at infection as a consequence of the truncation. Using likelihood maximization, we infer within-cohort transmission rates to disease which generate expectation values curves for the transition times that closely resembles the a priori known analytical predictions for medium-size trials (dashed lines). D. Probability density of the inferred parameters of the vaccines (ε β , εr, εp), alongside the inferred parameters (with their respective CIs) for two different vaccines: εp-based (top) and εr-based (bottom). E: Fraction of correct realizations of a trial (i.e. realizations from which we obtain a biologically possible characterization) as a function of the follow-up period, for three different cohort sizes and 5 different vaccines (same 5 vaccines remarked in Figure 1) as a function of trials dimensions, the probability of obtaining a valid trial simulation yielding an inferred value for the corresponding ε statistically significant (95% CI not crossing zero). In figure 3C , we complement these results by characterizing how likely it is to obtain a clinical trial result associated to a forecast with significant impact. Real impact (i.e. derive from the real vaccine parameters), inferred impact (derived from the vaccine parameters obtained using our method) and state-of-the-art uncertainty for 9 different vaccines (3 different levels of efficacy at disease × 3 different balances between εp and εr). In all cases, the efficacy of the vaccine against infection is null ( β = 0), while the vaccine characterization prior to impact estimations is made upon trials of N = 3000 and T = 4y. While the real impact (i.e. the impact foreseen from a vaccine that presents the real, underlying parameters ε β , εp, εr) carries only the uncertainty related to the spreading model; the inferred impact from our approach also involves the uncertainty given by the characterization of the vaccine. State-of-the-art uncertainty is obtained after simulating the impact with the two points of the curve (εp, εr) that will provide the most extreme impacts. B. Proportion of false negatives in the characterization of the vaccine (i.e. fraction of realizations that leads to a characterization of εp (left) or εr (right) that is not significantly larger than zero at a 95% CI). We study two different vaccines: εp-based (left) and εr-based (right), focusing on the characterization of the positive effect of the vaccine (i.e. εp and εr respectively). C. Probability of obtaining a positive impact for the two vaccines under study -εp-based (left) and εr-based (right)-. We assume that the impact obtained and its associated uncertainty correspond to a Normal Distribution with 95% CI.
III. DISCUSSION
Despite TB being one of the diseases for which a vaccine was first developed, there is still much to learn about the mechanisms that TB vaccines, both BCG and novel candidates, unfold to disrupt the pathogen's life cycle. Recent studies have challenged the classical view according to which BCG works solely by priming T-cell mediated adaptive immune responses, proposing more complex models of vaccine function. According to these new views, BCG vaccination is also able to boost host's innate immune system, so providing an additional layer of non-specific, sustainable protection against infection, (usually referred to as "trained immunity"), which can be observed both in-vivo and in-vitro [28, 29] . How these observations might contribute to explain certain epidemiological aspects of BCG's behavior is still unclear; like its ability to reduce M.tuberculosis infection risk [30] ; its variable protection levels against TB disease [31] , or their correlations with age, latitude and/or previous exposure to mycobacterial antigens [11, 12] . In any case, there is increasing scientific evidence suggesting that vaccines confer protection against infection and disease by mediating host-pathogen interactions in ways that, specially in the TB case, are more complex than classically accepted. An additional piece of this intricate puzzle, which we begin to analyze here, is that of understanding the possible repercussions of these improved vaccine descriptions on disease transmission dynamics.
In this work, we have described how vaccine protection against disease can manifest in different ways at the epidemiological level, e.g., by slowing down fast progression to disease (ε r -based vaccines) and/or preventing it completely (ε p -based vaccines), among others. As we have shown, these putative mechanisms of action cannot be disentangled by applying simple survival analysis. This limitation of standard methodologies when applied to TB is unexpectedly relevant, for we have shown that vaccines relying its protective action on these two mechanisms, even if they might appear as equally effective in the context of a clinical trial of vaccine efficacy, behave in remarkably different ways. As a result, this affects both the feasibility of their characterization as successful vaccines and the ultimate impact on TB burden reduction that they can provide. In this sense, ε r -based vaccines appear associated to lower prospected impacts for equivalent lectures of vaccine efficacy, and they are harder to analyze, as they would require bigger clinical trials of longer duration in order to be characterized at comparable levels of statistical significance. Therefore, distinguishing between these two different mechanisms of action improves early evaluation of TB vaccine candidates by contributing to a deeper description of vaccines' expected behavior when applied on large populations and, more importantly, by avoiding previously unnoticed biases in their comparison, a crucial aspect in a context where resources are limited and committed only to the most promising candidates at each stage. As a result, considering the questions explored in this study will contribute both to achieve a better interpretation of its outcomes as well as to improve the probability of success of a clinical trial of vaccine efficacy.
The method here proposed is instrumental in a number of situations, but has intrinsic limitations regarding both the dimensions of the trials that can be analyzed as well as the types of vaccines that can be characterized more accurately by using it. On the one hand, the framework proposed in this work is of application in the most favorable event of a vaccine being able to prevent TB infection (ε β -based vaccine) too. However, as explored in the appendix (see supplementary section S4), when protection against disease is primarily achieved through a reduction of the probability of infection, the considerations made in this work are quantitatively less relevant. In that case, the appearance of additional vaccine effects, either via ε p or via ε r yields more comparable vaccine behaviors, because the common, main vaccine effect on reducing the infection rate defines the impact expected for the vaccine.
On the other hand, in this work we have simulated trials of cohort sizes comprised between 1000 and 7000 individuals, during follow-up periods between 3 and 7 years. In the limit of short, small trials, low statistics constitutes a fundamental limitation that reduces the chances of obtaining a successful vaccine characterization, even for highly efficient vaccines. In turn, if the trial size and duration has to be increased, while increasing cohort size is always positive, implementing longer follow-ups may require different analytic approaches to those here presented. The reason is that the fundamental hypothesis behind our method is that all individuals progressing to disease during the trial can be associated to immediate progression upon infection: if the trial period is arbitrarily extended, such hypothesis does not hold anymore, and our method for estimating ε r and ε p would be biased.
In addition, our method of vaccine characterization can in principle be extended to more complex scenarios where more subtle phenomenologies can be considered. This includes to study the effect of vaccine heterogeneity, either within or across age (i.e. immunity waning), as well as to include in the simulated trials the dependence of some of the dynamical parameters on subjects' age. Admittedly, even if such refinements might be relevant from a quantitative stand, other limitations regarding the amount of information that can be extracted from a short clinical trial will most likely persist, regardless of these considerations. This comprises our intrinsic inability to estimate the effects of a vaccine on the slow dynamics of LTBI from a short-course trial, as well as the existence of multiple unavoidable sources of uncertainty that affects the precision of model-based impact and cost-effectiveness evaluations, independently on how precise the efficacy of the vaccine itself is estimated from a trial.
Despite these limitations, the methodology presented in this work is instrumental for designing clinical trials that are more likely to succeed in the characterization of novel TB vaccines -and for providing a deeper characterization of them-, able to reduce uncertainty in impact forecasts evaluations.
IV. METHODS

A. Synthetic clinical trials simulations
To produce synthetic simulations of clinical trials, we first calibrated the baseline parameters of the transmission model to reflect the current epidemic situation in Worcester, South Africa, where the MVA85A study took place [18] . First, the transition rate from LTBI to disease is assumed to be r L = 7.5 × 10 −4 y −1 , in accordance with previous bibliographical estimations [25] . The probability of fast-progression has been fixed to p = 0.375 which is compatible with previous observations about the remarkably high probability of developing fast-progression during the first months of life. The value used in this work is a reference to simulate trials conducted in newborns. Second, the baseline transmission rate was estimated to be β = 0.069y −1 to reproduce the proportion of infections in the control cohort of the MVA85A trial (12.8% after 2 years). Finally, the transition rate from fast latency to disease r = 0.97y −1 was calibrated to reproduce the same proportion of cases than in the control cohort of MVA85A trial (2.3% after 2 years), once all the other parameters are fixed. The fast-progression rate is also compatible with previous observations [25] . Thus, our approach is specific both to the site and age-strata of individuals joining the trial, which means that our inferred baseline parameters cannot be automatically used to simulate trials conducted in other sites, or age-cohorts, although similar re-calibrations are possible upon availability of reference data. Similarly, since BCG vaccination is mandatory in South Africa, the baseline parameters have embedded the eventual protective effects provided by the old vaccine.
Next, we arbitrarily define a vaccine by providing the triad of vaccine efficacies (ε β , ε r , ε p ), describing its effects on the infection rate, the transition rate to disease, and the probability of fast progression, respectively. While a value of, for example, ε β = 0 means no protection against infection, and ε β = 1 means perfect protection, it is worth noticing that, in principle, vaccines where any of the three ε parameters is lower than zero are possible, as it is possible to observe a failed vaccine that indeed increases the risk of infection or disease with respect to the control cohort, as occurred in the MVA85A trial (although not significantly) [18] .
Once all the dynamical parameters governing TB transmission dynamics in both cohorts are set up, we use an agent-based approach to simulate the evolution of N individuals per cohort during a follow-up period T . We use a discrete time step of 3 months to reproduce the temporal resolution between consecutive analyses (QFT for infection and/or TB diagnosis tests for active TB) in the MVA85A trial. The well known differences between time-scales associated to LTBI and fast-progression to disease are captured, in terms of our elementary transmission model, by the relation r L << r. This characteristic feature of TB transmission cycle allows us to assume that virtually all the individuals progressing to disease within the follow-up period of a clinical trial can be thought of as fast progressors. Furthermore, if we assume that transition from active disease upon infection is a Poisson process, -as it is done customarily in compartmental models in mathematical epidemiology [22, 25, 32] -, the theoretical probability distribution function (PDF) of the time t = t dis. − t inf. between infection and disease in the control cohort would correspond to an exponential curve f (t|r) = re −rt , from which the average transition time t = 1/r and its associated variance σ t = t 2 − t 2 = 1/r 2 can be easily obtained by integrating the moments of the PDF. However, in the practical context of a clinical trial, the period of measure cannot be arbitrarily extended, which implies that the maximum transition time that can be observed for a subject who was initially infected at t inf is truncated at t max = T − t inf , where T stands for the follow-up period of the trial. This situation implies that the integrals needed to obtain the expected value of the transition time need to be truncated as well, which ultimately makes t to depend itself on t inf :
Similarly, by truncating the integrals of the second moment of the distribution we can obtain its dependence with time at infection, t 2 (t inf )), and ultimately derive the corresponding expression for the variance of observed transition times as a function of t inf :
Equations 1 and 2 describe how observed transition times from infection to disease and their variance are expected to be biased towards lower values as the infections occur later during the trial; simply because the later the infection takes place, the less time available to observe a transition to disease is left. These expressions allow us to isolate the effect of that bias, and to infer, using only data from individuals developing active TB during the trial, the transition rate r within the control cohort, using a Maximum Likelihood approach (R package bbmle [33] ) along with its confidence intervals (95% reported). Then, the exercise is repeated in the vaccine cohort, whose transition rate r v , in terms of our transmission model would be expressed as the product r(1 − ε r ), which yields the following expression for the vaccine effect on fast progression rate ε r :
Finally, we obtain an estimation of the CI for ε r by propagating the independent uncertainties of r v and r.
C. Vaccine description (II): estimation of ε β and εp
The effect of the vaccine on the infection rate, codified in our model as ε β , coincides, by construction, with the vaccine efficacy against infection V E inf , and, as such, is inferred using Cox-regression (R package OIsurv [34] ).
In order to infer the third vaccine effect -reduction of primo-infection probability ε p , we begin by describing the time evolution of the four sub-populations -S,F ,L and D-of each cohort, making use of the following ordinary differential equations, mean field transmission model:
where the three vaccine descriptors (ε β , ε p , ε r ) are absent (i.e. set to zero) in the control cohort. In this model we implicitly assume that the individuals in the cohorts correspond to a small fraction of the total population in the site, and thus, their contribution to overall transmission once sick can be neglected. By integrating this model analytically and independently in each cohort (see appendix, section S1), we can define the disease ratio ρ ≡ D v (t)/D c (t), and obtain an analytical expression for it that depends on the observation time t, and the vaccine descriptors (ε β , ε p , ε r ):
Then, we measure the vaccine reduction coefficient at the end of the trial ρ(t = T, ε β , ε p , ε r ), and its uncertainty, which is propagated assuming that both D v and D c come from two independent binomial distributions (total number of tests equal to cohort size). then, using the independent estimators of ε β and ε r as well as their uncertainty estimates, obtained as detailed above, we get our final estimate of ε p and propagate its corresponding confidence interval.
In principle it is expected for the intrinsic efficacies of the vaccine to be comprised between 0 and 1, where 1 would mean a perfect efficacy and 0 no effect at all. However it is possible for a vaccine to have a negative effect. In the case of efficacies affecting rates (i.e. ε β and ε r ) there is no formal lower limit and a rate equals to ∞ (associated to ε = −∞) would mean an instantaneous process, although a conservative enough limit of 1 p . Furthermore, the existence of such lower bound in ε p generates in turn an upper bound for ε r , since these two parameters are analytically bounded (see supplementary information, section S1) through a common value of the disease-ratio ρ = D v /D c . Notwithstanding this, the inference of ε r is agnostic to the value of ρ or ε p , and, as a consequence, for poor statistical settings -most often in the case of vaccines delaying fast-progression-some individual trial realizations lead to vaccine descriptor estimates that lie beyond these epidemiologically meaningful intervals for parameters ε p and ε r . Those ill-defined realizations, whose fraction is represented in figure 1E , are excluded from subsequent analyses.
D. Obtention of global estimators and CI's for (ε β , εp, εr) from simulated trials
In order to obtain global estimates and confidence intervals for vaccine descriptors we follow a three steps approach. First, we generate a set of 500 synthetic clinical trials for each vaccine analyzed. Second, for each of these simulated trials, we infer the values of the vaccine descriptors ε β , ε p and ε r along with their confidence intervals: that of ε β from Cox-regression, that of ε r , as explained in section IV B, and, finally, that of ε p propagated from the other two, and from the CI of the disease ratio ρ, as explained in the supplementary information (section S1). Finally, we assume that the true values of these parameters come from an unweighted mixture of normal distributions each of which is associated to the log transform of one minus the outcome of each simulated trial. The final value and CI of each of the three vaccine descriptors is associated to the median and 95% CI of such distribution mixture, back in the linear scale. Through this approach we get a global estimation of the accuracy and precision of our method as a function on the predefined vaccine's characteristics and trial dimensions, which we have introduced in the TB spreading model for the forecasts of vaccine impacts (and their correspondent Confidence Interval).
E. Model based impact evaluations of TB vaccines
We have used the estimates of the efficacy and their respective CIs (as described in the previous section) to evaluate and compare the potential impact of these hypothetical vaccines when applied on larger populations. To do so, we take advantage of the detailed TB transmission model described in [21] , developed by the authors as a tool for the impact estimation of novel TB vaccines. This model is a generalization of increased complexity of the reduced transmission model sketched in figure 1A and formalized around the simple ODE system showed through equations 4-7. The most important difference between both formulations is that, while the elementary transmission model described in this work is suited to capture the time evolution of the fraction of susceptible, infected and sick individuals within the trials' cohorts (constituted by infants) during the development of the study, the more complex version developed in [21] was designed to produce impact evaluations of novel vaccines in broad epidemiological settings, and, as such, it describes how do these proportions of susceptible, infected, and sick individuals evolve in entire age-structured populations spanning different countries during more prolonged periods of time.
The technical specifications of this detailed age-structured model of TB transmission can be found in [21] and supplementary information (Section S3). It contemplates the existence of two cohorts of individuals -vaccinated and non-vaccinated-, two paths to disease -fast and slow-and six different situations of disease, depending on treatment status (present or absent) and on its aetiology -pulmonary (smear positive/negative) vs. non pulmonary-. Regarding treatment results, the model explicitly describes the main outcomes defined by WHO data schemes: treatment completion, default, failure and death, as well as natural recovery. Furthermore, several types of infection events are taken into account, including infection of previously unexposed individuals, exogenous reinfections of previously infected subjects, and mother-child transmission.
For the sake of the impact evaluations presented in this work, the model is calibrated in Ethiopia. Using demographic data from the UN population division database [35] as well as aggregated burden estimates reported for these countries in the interval [36] , we calibrated the model to reproduce the TB epidemics outlook in this region between 2000 and 2015, as detailed in [21] . Finally, we evaluate the putative impact that the different vaccines characterized in this study would produce in that region, if applied in 2025 through an immunization campaign targeting newborns, as the number of active TB cases prevented in the 25 years following
